Lithium-ion batteries have been widely used as energy storage for electric vehicles (EV) due to their high power density and long lifetime. The high capacity and large quantity of battery cells in EV as well as the high standards of vehicle safety and reliability call for the agile and adaptive battery management system (BMS). BMS is one of the key technologies for electric vehicle development, which contributes to the overall performance of lithium-ion batteries in operations. Through a comprehensive literature review, this paper presents a review of lithium-ion battery management systems, including the main measurement parameters within a BMS, state estimation methods, cell equalization issues, thermal management strategies and research trends and progresses. The paper discusses and highlights the key elements and challenges with recommendations in terms of the development of next generation BMS technologies.
Introduction
As the shortage of fossil fuels and environmental problems become more and more serious [1] , new energy vehicles will eventually substitute and replace conventional ones in the future. The electric vehicles (EVs) have attained huge attention due to their performance and efficiency in recent decades. Furthermore, most conventional automobile manufacturers are also developing electric vehicles. Thereby, electric vehicles are the developing trend of the automobile industry for the future.
One of the key components in EVs is the energy storage device. Various energy storages including lithium-ion batteries as well as lead acid and NiMH have been adopted in EVs [2] . Compared with the other types of batteries, lithium-ion batteries have advantages of long cycle lifetime, large power density and low self-discharge, and so on. Therefore, lithiumion battery is widely accepted for the application in EVs [3] . Although lithium-ion batteries are ubiquitous in many portable electronic devices, it is still a challenging task for EV application. Battery pack needs to supply enormous power and energy for secure and reliable EVs [4] . As battery technology grows, it is equally important to develop effective battery management systems (BMS) to make the utilization of the batteries in EVs reliable, resilient, safe, efficient, economically and environmentally friendly.
BMS is one of the key technologies for EV development, which contributes to the overall performance and economic efficiency of lithium-ion battery applications when operated in severe environments. According to the measured voltage, current, temperature and other information from lithium-ion battery, BMS can estimate the battery states including state of health (SOH), remaining useful life (RUL), and state of charge (SOC). Based on these information, the functions like charging/discharging control, cell balancing and thermal management can be performed [5] . BMS is a bridge connecting the EV's power system and battery, and its performance determines the efficient and safe utilization of the battery that accounts for the majority of cost in the EVs. This paper presents and facilitates a comprehensive understanding of lithium-ion battery management systems through an extensive literature review.
Overview of Battery Management System
There has been various research involved in development of battery technology. Guo et al. [6] investigated guidelines for battery capacity fade modelling through designed experiments. As the battery technology develops, it is also equally important to develop an effective management system to meet the safety requirements of battery operations. In order to take advantage of the maximum performance of lithium-ion batteries when EVs operate, special attention must be paid to prevent the abnormality and avoid catastrophic failures. This is why an efficient and effective BMS is a vital unit in EVs. A high-end BMS can accurately estimate the health state of the battery and provide important information for the driver. In addition, BMS will respond to the abnormal conditions to ensure the reliability of battery and maximize the battery's life. We will present an overview of BMS from two perspectives: the main functions and the structure of BMS.
The Main Function of Battery Management System (BMS) in Electric Vehicles (EVs)
With the wide application of batteries in EVs, BMS has become an essential component. In the meantime, the function of BMS is getting better gradually. A fundamental BMS may only contain a switch mechanism to prevent the battery from being overcharged or discharged in some small portable electronic products. However, for EVs, it is apparent that more functions are indispensable to sustain the safe operation. At present, a BMS of EVs generally covers the following functions and has been updated continually.
Cell Monitoring
In order to manage the battery, the first step is the acquisition of the battery's information, including battery voltage, current, and temperature. Therefore, various sensing systems are needed to measure these parameters. The data are the prerequisite for estimating the state of the battery pack.
States Estimation
Battery states estimation is a very important part in a BMS. In this paper, we mainly refer to the two critical states of lithium-ion battery: state of charge (SOC) and state of health (SOH).
SOC is regarded as the remaining useful capacity of the battery, which acts as a gauge in gasoline vehicles. An accurate SOC estimation can suggest to a driver how long the EV can run and whether a charge is needed. [7] . Therefore, SOC can prevent an inappropriate operation prolonging the battery's life. Despite the significance of SOC, it is a universal challenge to accurately estimate and predict SOC since it cannot be measured directly by utilizing current technologies. Consequently, SOC estimation can only be performed indirectly by designing effective algorithms based on the knowledge of battery mechanisms and measured data through cell monitoring [8] .
SOH is another important indicator to evaluate the health condition of batteries and the degree of degradation. Currently, the definition of SOH is not as clear as SOC. SOH may be influenced by various factors and should be assessed by multiple parameters like capacity and impedance. Fuzzy statements like "fresh" and "aged" were previously used to represent the SOH roughly [9] . It is of course impractical to provide useful information for drivers. Pattipati et al. [5] proposed a quantitative measure that replaces fuzzy statements by the ratio between battery's initial total capacity value and current total capacity value. This definition has been widely accepted and used for SOH estimation. A comprehensive assessment of battery health is very complex, which is the precondition when predicting the battery's remaining useful life (RUL). RUL refers to the remaining number of times/cycles that a battery can be charged and discharged before its life is determined to be at the end-of-life (EoL). In addition, the EoL threshold of the battery is usually considered to be the condition when the capacity is reduced to around 75%-80% of its rated capacity value. Again, SOH cannot be measured directly. Special methods or algorithms must be established to assess SOH.
Cell Balancing
In order to provide adequate operation voltage and power to support the application to EVs, a battery pack consists of dozens or even hundreds/thousands of single battery cells connected in parallel and series configurations [10] . However, due to the constraints of the raw materials and manufacturing process of the single power battery, and the influence of the operation environment of the battery pack, the inconsistency between the battery cells is inevitable. This inconsistency can result in over-charge or over-discharge of individual cells in the charging and discharging cycling process, thereby reducing the battery capacity and shortening the battery life. In severe cases, the battery may also burn or explode, which may directly lead to safety issues. Cell balancing can manage the battery pack and balance the SOC or voltage of each individual cell by external hardware. The cell balancing technique is also a challenge and attracts a great deal of attentions.
Thermal Management
Temperature has great impacts on the lithium-ion battery performance. High temperature can result in significant reduction in terms of battery capacity, life, and energy usage efficiency. On the other hand, extremely low temperature can lead to the failure or malfunction of batteries. Thermal runaway can emerge under serious environmental conditions, causing the battery to be in the danger of explosion. Due to the variability of environment where EVs are running, batteries will operate under different temperatures, which results in bad performance of batteries. Effective thermal management can keep battery operating under optimum temperature so that the battery can reach its best status [11] . Therefore, the thermal management for battery is essential in BMS.
The Architecture of Battery Management System
Because cells are connected with each other, a rational approach is needed to manage all cells in battery packs. Jung et al. [12] proposed three methods to create a BMS. It is proven that a modular approach is suitable to build up a BMS for electric vehicle, as shown in Figure 1 . Each lithium-ion battery module consisting of several battery cells is controlled and managed by a modular management system (MMS). Furthermore, all MMS are controlled by a central management system (CMS). Data exchange throughout the BMS is needed since BMS modules operate in a stand-alone mode. In order to exchange data within the BMS, a controllable transceiver is required. This architecture is flexible, scalable and has been commonly accepted. 
Challenges and the State-of-the-Art of Related Techniques
Extensive research has been conducted to enhance the performance and augment the functionalities of the BMS such that the required standards can be met in EV applications. Designing BMS for EV applications can encounter many challenges and opportunities. In the following, related challenges in battery parameters measures, states estimation, and cell balancing are discussed.
Temperature Measurement
Temperature sensors are essential elements of BMS to ensure safety and performance of lithium-ion batteries. There are strong needs for advanced BMS that have real-time access to both local and distributed temperature information of each battery cell, enabling more precise estimations of SOC and RUL, as well as early detection and prevention of catastrophic events such as thermal runaway. Various sensing principles have been employed and developed in the past decade including but not limited to resistive sensors [13] , thermoelectric sensors [14] , infrared thermography [15] , electrochemical impedance measurement [16] , giant magnetoresistance (GMR) based Johnson noise thermometry (JNT) sensor [17] , and fiber Bragg grating sensors [18] . These sensors are either utilized for direct temperature measurements at the desired locations or combined with physics-based or data-driven modelling methods for estimation of other key parameters. Non-commercially available sensors are also designed and fabricated by Screen Printing [13] , or Micro-electro-mechanical-systems (MEMS) fabrication techniques [15] for higher spatial and temporal resolution, easier assembly, or lower cost. Challenges remain in the design and manufacturing of low cost, compact, non-intrusive, and high dynamic range (i.e. high spatial and temporal resolution with large coverage area) temperature sensors for smart BMS.
State of Charge Estimation Algorithms
The determination of battery SOC is the key in BMS. It is challenging to estimate the SOC accurately due to the high nonlinearity property of the electric vehicle over the varying courses of driving processes.
Conventional Methods
One of the common conventional methods is Coulomb counting, in which the remaining capacity is calculated by simply accumulating the charge transferred in or out of a battery [19] . Although straightforward to perform, this method can only make a rough estimation because the measurement noise of current can make a great difference and the errors can be accumulated as it is an open-loop algorithm [20] . Furthermore, an accurate assessment of initial SOC value is the precondition of this method. Otherwise, the following calculation will be meaningless. This method is easy but very limited.
Another conventional method of SOC estimation is to measure the open circuit voltage (OCV) of a battery. It is a simple method based on the static relationship between the SOC and OCV. However, this approach is limited to certain types of batteries as the relationship between SOC and OCV varies from battery materials [21] . For instance, a lead-acid battery remains a linear relationship between SOC and OCV during the whole discharging process, while a lithium-ion battery will remain flat at a certain period [22] . This characteristic of lithium-ion batteries indicates that a small measurement error will generate an unacceptable result of SOC estimation when mapping the relationship. In addition, it is found that the graph about OCV and SOC is different at the period of discharging and charging according to plenty of experiments. This phenomenon is called "hysteresis". The hysteresis of batteries must be considered as it will result in a low OCV when the battery is discharged and a high OCV when the battery is charged, as it can be seen from Figure 2 . Figure 2 . OCV curves of the LiFePO4-based batteries depending on the current direction, measured after various rest durations at each step [23] In consideration of the individual shortcoming of the aforementioned methods, the OCV method is often combined with the coulomb counting method to resolve the error accumulation problem in coulomb counting [24] , where we can implement periodic calibration using the OCV method. However, due to the long-term dynamics behaviour of batteries, it takes a long time for batteries to reach from an operating state to a stable state, which is commonly called the relaxation effect. This requirement makes the online estimation of SOC impractical.
According to the relationship between SOC and internal impedance, electrochemical impedance spectroscopy (EIS) is another method for SOC estimation. The study of EIS used to assess and estimate the SOC of lithium-ion batteries is relatively rare. The internal impedance of the batteries is assessed by imposing small current signals under varying frequencies to the battery and measuring the corresponding voltage using EIS analysers. This procedure costs a longer time and needs special equipment, leading to a high cost. Therefore, this method can be implemented in labs but is not suitable for EV application.
Due to the limitation of coulomb counting and OCV, multiple improvement methods are proposed on the basis of these methods. Kong, et al. [19] takes into account the charging and discharging efficiencies to improve the estimation accuracy. Zhang et al. [25] proposed an approach to estimate the initial SOC by taking into consideration of the relaxation effect and temperature of OCV. Furthermore, the quantitative relationship, i.e. the function describing the relationship among the terminal voltage u, resting time t, and temperature T to SOC 0 , is obtained by experimentation. This improvement method can realize the online estimation in EV application despite the relaxation effect of OCV. Although these improvements enhance the performance of SOC estimation to some extent, there also exists a series of problems in practical application.
Model-based Methods
The model-based approaches can be mainly divided into equivalent circuit models (ECMs) and electrochemical models (EMs). The model-based methods can realize the online estimation.
Equivalent Circuit Models
In ECMs, the battery is abstracted into an electric circuit. The electric circuit with diverse elements can approximately describe the physical phenomena inside a battery. Some classic ECMs, including Rint model, Thevenin model and PNGV model are put forward in succession. Recently, a lot of research is devoted to improving the model accuracy based on aforementioned models. On the basis of an established model, an algorithm is required to update the model's parameters online, representing the dynamic characteristics. In the model, SOC is taken as one of internal states and an observer needs to be designed to obtain the state with the identified model and available measurements.
The accuracy of ECM is very important. Simultaneously, we should also take into account the complexity to reduce the computational time. The relaxation effort of a lithium-ion battery is a fundamental characteristic that emerges in the process of charging and discharging cycling. This characteristic can be modelled by series-connected parallel RC circuits. Two RC groups are suggested by [26] as the optimal trade-off between estimation accuracy and model complexity. A typical ECM is shown in Figure 3 . Capacitors can store and release energy similarly in the charging and discharging cycles. Two RC groups are adopted to model the relaxation effort of a lithium-ion battery, while R 0 represents the internal resistor. The value of R 0 is not a constant but may change with the SOC, ambient temperature, and the aging effects of the batteries. V OC is the opencircuit voltage and has a static relationship with the SOC. VT and i L are the terminal voltage and current respectively and can be obtained by measurement. [27] There are also numerous research that focus on the online state estimation algorithms about the equivalent circuit. The actual output can be measured and is compared with the predicted output of the established model. Then, a gain or weight can be calculated to compensate for the error of the predicted state. Simultaneously, the parameters of the model should be updated using an online parameter identification and estimation method. The design of the observer is also equally important. Various techniques have been employed to construct observers to monitor the SOC, ranging from simple observers designed by trial and error to sophisticated, robust, optimal, and recursive techniques (e.g., Kalman filters and sliding mode observers). In [28] , a comparative study is performed on three different model-based state observer architectures including Luenberger observer, Extended Kalman Filter (EKF), and Sigma Point Kalman Filter (SPKF) for the same battery model. The results show that a superior algorithm will improve the estimation accuracy as well as estimation robustness greatly.
Electrochemical Models
ECMs simply model the battery according to the external features so that plenty of information about internal underlying reactions are lost. Compared with ECMs, electrochemical models (EMs) apply mathematic models such as the partial differential equations (PDEs) to depict the real electrochemical reaction processes inside the cells. It is validated that EMs can capture cell dynamic behaviors with high accuracy compared with ECMs, and EMs have a good interpretability. Nalin [29] believes that an advanced BMS should use a physics-based electrochemical model rather than an equivalent model. However, the EM is very complicated, which involves a large amount of mathematical calculation, limiting the embedment in the BMS of an EV. Therefore, how to simplify the model remains a challenge.
The common EMs involve a porous electrode model and a single particle model. The porous electrode model has an overall description of various physical and chemical processes occurring in a battery, leading to a time-consuming solution. The single particle model treats each electrode as a single spherical particle, which was first presented by Haran et al. [30] . It has a faster computation speed; however, the validity is limited. What needs to be illustrated is that the single particle model is as valid as the porous electrode models for low discharge rates [31] .
In [24] , the battery health is taken into account when estimating SOC, including up-to-date capacity and resistance. A single particle model is presented by simplifying the 1-D-spatial model. This simplified model can significantly reduce the complexity while retaining a similar accuracy with the original one. Based on the simplified model, trinal observers are applied for the co-estimation task. The effectiveness of this method is verified through experiments with high estimation precision and robustness. However, this method is not compared with other methods on accuracy and speed to validate practical application.
Learning Algorithms
With the fast development of computer technology, learning algorithm has been very popular and is applied to many domains. Especially, many studies are being focused on the SOC estimation using the learning algorithm. The intelligent techniques estimate SOC by treating the battery as a "black-box" [32] , which means that the complicated electrochemical reaction inside the battery is unnecessary to be known. With the well trained model offline using special algorithms, the learning method can accurately depict the relationship between SOC and related influential factors. The learning method is convenient but the training process is time-consuming. In addition, the prerequisite is that the historical data is abundant and reliable.
In [33] , a three-layer BP network is used for SOC estimation. Through the training using experimental data, the results show that the estimation curve is in coincidence with the curve of practical value. However, the accuracy is not very high. In addition, this model just simply takes discharge voltage and discharge current as the input and SOC as the output, respectively while ignoring the effects of temperature, discharging rate, aging, etc.
Remaining Useful Life Prediction Approaches
Battery RUL information provides operators with a means in decision making by quantitatively knowing how much more time a battery can be used until its functionality is lost. Therefore, it is a key issue to accurately predict RUL for the battery health management system even though there are many challenges such as modelling insufficiencies, system noise, and degraded sensing fidelity. In recent years, many methods have been proposed and developed to predict battery remaining useful life. They are mainly divided into three categories: electrochemical mechanism analysis, data-driven method, and hybrid methods of combining previous two methods.
Remaining Useful Life Prediction based on Aging Mechanisms
This method firstly analyzes the electrochemical reaction inside a lithium-ion battery. Then a degradation model can be established according to the collected data. RUL is thus predicted using the model. The degradation model is focused on the covariate factors that can affect the battery capacity over time. This method takes advantage of deep learning about battery aging mechanisms. An accurate result can be obtained if the aging model is precise. However, in most instances, it is difficult to establish a precise degradation model. Moreover, the result of this method is the lack of the expression of uncertainties [34] .
Pinson [35] proposed a theory of solid-electrolyte interphase (SEI) formation from the viewpoint of degradation mechanism. The theory indicates that the capacity loss is mainly attributed to the SEI formation at the negative electrode in a lithium ion battery by underlying physics analysis. A basic single particle reaction model is developed to quantitatively understand the capacity fade, focusing on the mechanism of SEI formation. Specifically, this method's models are based on the electrochemical mechanism of a battery, using diffusion-reaction equation and Butler-Volmer equation. In addition, the diffusivity of electrolyte molecules through the SEI is an important parameter, which is temperature dependent. An Arrhenius dependence is utilized to model the temperature dependent diffusivity. Based on the established model, we can make clear how the battery gradually degrades and guides accelerated aging experiments. RUL can be inferred from the evolution of this model. However, such models are mostly limited to certain types of batteries [36] .
Data-Driven Remaining Useful Life Prediction
With the development of artificial intelligence and machine learning, research works on data-driven prognostics have been shifted to the use of various statistical and deep learning methods, such as neural networks (NNS), Support Vector Machine (SVM), and Relevance Vector Machine (RVM) to predict battery RUL [37] . For example, a continuous hidden Markov model (HMM) is presented in [38] for RUL prediction. The data-driven method mines the hidden information in data to perform the prediction, so it is data-based. It does not need a precise model based on physics, which makes it popular with RUL prediction challenges. In addition, this method has high adaptability regardless of different types of batteries. However, this method requires the ability of data analysis and processing. A common drawback of this method is that the prognostic process can be opaque and has a poor interpretability. As a result, the parameters selection becomes a challenge when predicting RUL.
One other challenge of data-driven approaches is the health indicator (HI). Battery capacity is frequently used as the health indicator (HI) for degradation modeling and RUL estimation when the data of capacity is available because capacity is directly related to battery degradation. In [39] , capacity and internal resistance are both predicted to obtain an accurate health status assessment of the lithium-ion batteries. However, considering the practical applications, battery is not always fully discharged at each cycle, so capacity cannot be calculated by integration. Therefore, we must extract an indirect HI parameter from the charging and discharging voltage, current, and time that can be directly measured for on-line degradation analysis. To tackle the problems and challenges, Liu et al. [40] proposed the time interval of equal discharging voltage difference (TIEDVD) as an HI. Then the Grey Correlation Analysis is conducted to analyze the consistency of TIEDVD and battery's capacity as battery ages. The results show a strong similarity between the extracted TIEDVD series and the capacity series. Therefore, TIEDVD is one effective candidate as an HI to predict the RUL.
Hybrid Methods of Remaining Useful Life Prediction
Recently, the fusion methods of RUL prediction have become a hot topic, which combine multiple methods to overcome the shortage of individual ones. The hybrid methods can develop the advantages of different models, leading to a preferable performance.
In [41] , a fusion of both data-driven and model-based approaches are proposed to realize the prognostics of lithium-ion RUL. A summation of exponential functions is used to describe the battery aging dynamics, while particle filtering (PF) is used to predict the RUL. The results show that the proposed fusion method has a more reliable RUL prediction. Saha et.al [42] proposed a combination of PF and neural networks using EIS to build an electrochemical model. Relevance vector machine (RVM) is used for the estimation of battery model parameters. PF achieves the adaptive selection of RVM parameters. An aging mechanism model is built using RVM and RUL prediction is obtained with extrapolation. In addition, based on the fact that the measurement model is hard to establish and the state cannot be updated at the period of prediction in model-based PF, two data-driven methods are introduced [43] . This fusion framework can update particles and weight in long term prediction and shows a superior prediction performance. In [34] , a mean-covariance decomposition modelling method is proposed for battery capacity prognostics. The basic functional form of the mean function is obtained from chemical degradation mechanisms while SVM is applied to model the logarithm variance and angles. Although the hybrid method can perform a better performance than the respective one, the complexity and computational burden increases. In addition, the fusion approach is various and we should choose suitable one.
Cell Balancing
In general, lithium-ion cell balancing methods can be divided into two categories: passive balancing method and active balancing method, both of which are based on an equalization circuit. Passive balancing is relatively easy to achieve but it has a low efficiency. The extra energy stored in the overly charged cells is completely wasted as heat using a resistor. This method should be adopted only during the charging processes [44] . The balancing time is long. In contrast, active balancing transfers more charged cells to less charged ones. The circuit design is complicated but it can reach a very high efficiency. Due to the advantage of active balancing, it has become the main research direction. A tradeoff analysis between the circuit complexity of the active balancing method as well as cost and achieved efficiency must be considered. The relevant circuits have been proposed and the efficiency is up to 90% [45] . In addition, the balancing time is also an important indicator. A quick change requires fast balancing.
In addition, there are two types of balancing criteria: voltage based balance and SOC based balance. The voltage based balancing method is to control the operation state of balancing module through the voltage difference between single cells. This method is feasible because voltage variation can reflect SOC variation to some extent. It is easy to achieve using only the voltage sensing module. However, a lithium-ion battery has small voltage variation even in large difference of SOC, which cannot guarantee the consistency of residual capacity of each cell. It is not available for cells in parallel. The existing balancing methods are mostly based on voltage [45] .
A fuzzy logic control for battery equalization based on SOC is proposed in [46] . Difference in SOC less than 0.3 will trigger the balancing process. The energy efficiency can reach around 95%. Besides SOC, the capacity degradation caused by the aging process is also taken into account in [44] , using both the SOC and the capacity of each cell as the balancing criterion. It is demonstrated that the drawback of voltage balancing can be eliminated through analysis. Moreover, the charge time can also be decreased. However, these balancing methods must depend on a very accurate SOC and capacity estimation, which is also a challenge.
In the future, developing balancing methods of high efficiency, low cost, and fast equilibrium speed will be a trend.
Thermal Management
Some research is devoted to improving the thermal stability of batteries [47] ; however, the precondition is to sacrifice battery capacity. High capacity is essential to ensure the required mileage and power of an EV. Therefore, the use of external battery thermal management systems will be a more suitable method. According to the different heat transfer medium, the battery thermal management system (TMS) can be classified into air cooling, liquid cooling, and Phase change material cooling (PCM). The details of these three types of TMSs will be discussed in the following sections.
Air Cooling
Air cooling method can be divided into natural convection and forced convection. Forced convection has high efficiency and is the most studied heat dissipation method. Air cooling system has the advantages of simple structure, low quality and low cost, which is generally regarded as the first choice for electric car cooling [48] . Some studies have focused on improving battery cell arrangement and ventilation pattern.
Optimal arrangement of battery cells can realize a uniform temperature distribution and improve cooling efficiency. In [49] , parallel channels are adopted in TMS. Computational fluid dynamics (CFD) is used to simulate the temperature distribution in a cylinder battery pack. Three different battery arrangements are compared and optimally chosen. In [50] , a battery pack with eight prismatic cells arranged in different ways is simulated using CFD. The experimental results show that when the gap between individual cells widens under a constant flow rate, the uniformity of temperature will improve. Also, a design of asymmetrical cells' space will benefit the center cells by generate a relatively unblocked cooling environment.
Serial ventilation and parallel ventilation are two common ventilation modes. The effect of parallel ventilation is better than that of serial ventilation [51] . A parallel airflow is used in [52] . The test results show that the maximum temperature of battery pack can be controlled below 45℃ and the difference between monomer batteries is below 5℃ under the ambient temperature of 25℃. However, with the increase of the battery module and the size of the battery pack, both the parallel ventilation and the serial ventilation can easily cause the high temperature difference between the cells in different positions. A reciprocating air flow is proposed in [53] . Using the model, a 4℃ drop in temperature difference was achieved with a switching time interval of 120s and the maximum cell temperature reduced by 1.5℃ in contract with uni-directional cases.
Liquid Cooling
The air cooling can meet the requirement of thermal management under normal conditions. However, when the ambient temperature is high, the air cooling will not attach the expected heat dissipation effect, leading to the development of liquid cooling system. The advantages of liquid cooling include fast cooling velocity, higher cooling efficiency and small volume of cooling system. Pesaran et al. [51] compared the air cooling with oil cooling with the 30W battery heat production and the initial temperature of 25℃. The experimental results show that the maximum temperature of oil cooling is 45℃ and air cooling is 54℃. When battery operates in extreme environment, liquid cooling can behave efficiently in controlling temperature. This remarkable merit has attracted popular attention.
Phase Change Material Cooling
Phase change material (PCM) can absorb enormous heat but the temperature change is very small. Al-Hallaj et al. [54] are the first ones to apply PCM to TMS. Battery or battery pack can be directly soaked in the PCM to achieve thermal management. Sabbah et al. [55] compared PCM cooling with active air cooling of high power lithium-ion batteries. Under high environmental temperature (40 ~ 45℃), the air cooling was out of work but PCM could keep temperatures lower than 55℃. Recently, PCM cooling has shown some good application potentials.
Compared to air and liquid, battery thermal management system using PCM as heat transfer medium is simple and doesn't need battery to offer energy. It's suitable under high environmental temperature.
Future Research Areas and Opportunities
A smart BMS is crucial for EVs industry. Although plenty of studies have been focused on different aspects of BMS, there still exist many challenges in developing next generation BMS for advanced EV applications. There are also many opportunities in different aspects for researchers, including battery states estimation, thermal management, cell balancing and so on. The future research areas and opportunities include, but are limited to the following.  Various methods have been proposed and used for SOC estimation. However, each method has its own limitations.
Many factors must be taken into account for accurate SOC estimation in EV applications. Future research on SOC estimation methods need to consider and incorporate both conventional learning algorithms and advanced analytical methods, e.g., artificial intelligence based methods to account for the effects of aging, discharge rate, and environmental operating conditions such as temperature and humidity.  A proper definition of SOH needs to be settled for RUL prediction.  An advanced and sophisticated BMS should be built on valid physics-based electrochemical models. Therefore, developing a simple but accurate electrochemical model will be needed.  Developing effective methods to actively balance different cells and modules within the battery pack with high efficiency and low cost is also demanded.  Improving battery thermal management systems to reduce the temperature difference between different individual cells and keep the optimal operation condition of battery needs to be studied.
Conclusion
BMS initially only had the function of battery voltage, current, and temperature measurement. The main purpose of BMS is to achieve battery performance monitoring. As technology evolves, BMS has many more features that not only monitors battery packs, but also controls and manages battery packs based on battery pack information through advanced sensing mechanisms. Advanced BMS can well improve battery operation efficiency and extend service life. Improving the practicality of BMS has become one of the core technologies of electric vehicles.
Currently, the research on BMS still has potential to improve. There are some challenges in the establishment of battery models, such as the accurate SOC estimation, the dynamic balance of the battery pack and so on. It is projected that with further research of BMS, the technology advancement of BMS will continue to improve. The endurance and safety of electric vehicle will be better guaranteed, and the popularization of electric vehicle become more reliable.
